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ABSTRACT

Adaptive User Interfaces have a long history rooted in the emergence of such eminent technologies as Artificial
Intelligence, Soft Computing, Graphical User Interface, JAVA, Internet, and Mobile Services. More specifically, the
advent and advancement of the Web and Mobile Learning Services has brought forward adaptivity as an immensely
important issue for both efficacy and acceptability of such services. The success of such a learning process depends on
the intelligent context-oriented presentation of the domain knowledge and its adaptivity in terms of complexity and
granularity consistent to the learner’s cognitive level/progress. Researchers have always deemed adaptive user
interfaces as a promising solution in this regard. However, the richness in the human behavior, technological
opportunities, and contextual nature of information offers daunting challenges. These require creativity, cross-domain
synergy, cross-cultural and cross-demographic understanding, and an adequate representation of mission and conception
of the task. This paper provides a review of state-of-the-art in adaptive user interface research in Intelligent Multimedia
Educational Systems and related areas with an emphasis on core issues and future directions.
Keywords: Adaptivity, Adaptive User Interface, E-Learning, Preference Modeling, User Modeling, Multimedia, HCI
1. INTRODUCTION
The emergence of such revolutionary technologies as
Graphical User Interface (GUI), Artificial Intelligence
(AI), Soft Computing, Multimedia, Hypermedia,
Internet, etc. has created an intense interest in
computerized and ubiquitous educational systems like
Intelligent Multimedia Educational Systems (IMES)
with adaptivity at its core [12], [21], [28]. Indeed,
individualized teaching is the most favored practice of
instruction and different teaching strategies work best in
different contexts. Consequently, the ability to adapt to
an individual learner’s needs as well as context could
significantly stimulate both the learning process and the
user engagement [13], [21], [26]. As such, an IMES can
contribute to the success of learning if it adequately
represents the domain tasks, concepts, and learning
goals and intelligently adapt its presentation in terms of
complexity and granularity according to the cognitive
level/progress of the learner [21], [27].
The development of such pervasive enablers as the Web
and Mobile Technologies has further highlighted the
research in Adaptive User Interfaces (AUI) offering
tremendous educational opportunities by removing
temporal and spatial constraints as well as providing
personalization and interactivity [10], [12]. However, it
is the Web and Mobile Learning Services where the
problem of ‘being lost in hyperspace"’ becomes
especially critical [13]. As such, the ‘information
overload’ is no more a trite buzzword but a frequently
encountered reality for many. Consequently, an
adequate educational framework for IMES should focus
on cognitive development and knowledge acquisition,
through creative, efficient, efficacious, and intelligent
tutoring strategies for presentation of the domain
knowledge. An AUI in IMES is geared towards seeking

superior outcomes in the spatial and temporal separation
as well as presentation of domain knowledge based on
user’s explicit and implicit preferences, constraints,
cognitive progress, decision styles, learning objectives,
and access modes.
The AUI has been an object of attention since long and
has a significant role in IMES from cognitive,
pedagogical, psychological, and social aspects.
Adaptivity in IMES could come in terms of adaptation
of multimedia content, presentation, navigational
options, teaching strategies, etc. to user’s needs [45]. In
addition, the dynamics of today’s society underscore the
need for adaptive interfaces accessible by different user
groups, including disabled and elderly [1]. However, the
potentially diverse scope and heterogeneity of the target
population pose greater challenges [27].
In view of diversity, subjectivity, and tedium involved in
pertinent concepts and issues, we provide only a brief
overview of such concepts.
Furthermore, a few
capabilities and caveats in the design and deployment of
such systems are highlighted. Various promising and
synergistic technological options for design and
implementation of an AUI are presented for reference
purposes, as well.
2. INTELLIGENT INTERFACE PARADIGMS
Research in intelligent user interfaces has been built on
such notions as natural language understanding,
explanation systems, intelligent tutoring systems,
intelligent help systems, computer-aided instruction,
multi-modal systems, model-based development,
intelligent presentation systems, and agent-based
interaction. As a result, several paradigms have been
established. The most prevalent paradigms include
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user-based interactions, model-based interaction and
agent-based interaction [5], [16]. An IUI may facilitate
the learner’s selection through either adaptive ordering
of options (based on frequency of use data), adaptive
prompting (based on contextual information resulting
from a model), or guidance (with the help of an agent).
The boundaries of different paradigms and technologies
are quite fuzzy. Nevertheless, here we provide a brief
overview of the most popular paradigms.
2.1 User-based Interaction
One frequently cited indication of intelligence in UIs is
the ability to adapt the output to the level of
understanding and interests of individual users, typically
served by adaptivity, adaptability, or dynamicity of the
aspects of interaction [34]. An adaptive UI changes
dynamically in response to its experience with learners
[24]. Such an effect is typically achieved by using
dedicated software tools responsible for acquiring and
maintaining user models and reasoning towards suitable
interface adaptations. In contrast, an adaptable UI
provides tools that allow the user to tailor certain
aspects of the interaction in using a system [13], [34].
Such systems allow the user to modify certain aspects of
the interactive behavior. Whereas, in a dynamic UI the
user's behavior is monitored just like with adaptive UI.
However, instead of changing (adapting) a predefined
presentation, dynamic hypermedia systems generate a
presentation from "atomic" information items. The
research in user-based interaction design is built upon
advances in intelligent tutoring systems, learner
modeling, explanation systems, and knowledge
representation.
2.2 Model-based Interaction
Model-based Interaction development involves the use
and articulation of reusable models and knowledge
repositories encapsulating the wide variety of details
pertaining to the UI development. It promises to
decrease both the time and expertise required to create
interfaces, through reusable models, automation,
decision, and design support mechanisms. It enables
design support such as critiquing, design refinements,
and incremental updates. However, the current
generation of model-based interface development tools
has not appropriated the full range of the
aforementioned potentialities [5].
2.3 Agent-based Interaction
This paradigm involves the use of software agents to
delegate tasks concerning various facets of interaction
[5], [15]. Although there is no agreed upon definition of
intelligent agents, most intelligent agents are
characterized by autonomy, adaptivity, pro-activity, and
sociability [15], [31]. They usually contain a
representation/model of belief in the state of the
environment and have facilities to discover from

patterns of behaviour from user(s) and agent(s). There
are three major types of agents involved in agent-based
interaction: interface agents tie closely to an
individual’s goals, task/tutor agents involve processes
associated with arbitrary problem-solving tasks, and
information/domain agents connect to source(s) of
information. An interface agent learns from user’s
actions working as an intelligent assistant. Whereas,
tutor agent provides scaffolding (or envelope) to the
learner and progressively removing it as the learner
internalizes the knowledge. As such, these agents also
require models of the learner, tutor, as well as domain in
order to perform their tasks.
3. ADAPTATION TECHNIQUES
As already mentioned, adaptation in a UI can be served
by adaptivity, adaptability, or dynamicity in the aspects
of interaction. In IMES perspective, adaptation to both
user and context are needed. Adaptation to user/learner
requires a learner model containing attributes of the
learner to which adaptations are sought. At the same
time, adaptation to context requires such knowledge
models as teacher model, domain model, and interaction
model. The adaptation effect may be realized through
adaptivity
in
content
selection, presentation,
recommendation, etc. [11]. Adaptation may also furnish
navigational support [13]. Indeed, different adaptation
techniques work most efficiently in different context
and require meticulous selection of the most relevant
technique as well as the need for adaptation in the
adaptation technique(s), or meta-adaptation, during the
cognitive progress of the learner [6], [13].
In IMES context, the adaptive navigation support is one
of the simplest, earliest, and most extensively studied
aspects of automatic adaptation. The underlying notion
is to help users find their paths in hyperspace by
adapting link presentation to the characteristics/model
of the user. The popular means for incorporating
adaptive navigation support are direct guidance, sorting,
hiding, annotation, and generation of link structure
suitable to the learner characteristics [13]. These
techniques are used to achieve both global and local
guidance/orientation support. Studies have demonstrated
the effectiveness of various adaptive navigation support
techniques in terms of browsing and learning efficiency
[13]. Adaptive content selection is another aspect of
adaptivity resulting from the varying interests and
preferences of various users regarding available
information. It allows information pieces relevant to
learner’s cognitive level and/or goals to be presented to
the user. However, the selected content must be
presented in a form appropriate to the user.
Consequently, a natural extension to this would be the
adaptive content presentation that exhibits different
visual layout and/or media. Adaptive recommendations
also form an important dimension in achieving
effectiveness of an AUI by providing users suggestions
about the future line of action.
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An ideal scenario would be where the adaptive system
has all or most of the adaptation techniques at its
disposal. However, it requires a sound understanding of
applicability and limitations of each adaptation
technique as well as their combinations. Currently, there
is a relative dearth of such complex and extensive
studies because of obvious reasons.
4. CORE ISSUES IN AUI
Significant research has been done in developing AUIs
for accommodating the heterogeneity and evolution of
user characteristics. It draws from such diverse fields as
psychology, cognitive science, ergonomics, humancomputer interaction, AI, etc. However, here we focus
on some core issues in AUI within the IMES context.
The goal of adaptivity in IMES is to promote efficient
learning rather than simply accommodation of a
learner’s preferences highlighting the need for a sound
understanding of both user and context. The general
requirements for a system adaptive to the user include
an underlying theory associating user behavior to
interface needs, an access to behavioral cues, a variety
of interface designs alternatives, and knowledge models
accumulating behavioral cues and needs [34], [21], [39].
Nevertheless, the need to make adaptivity actually work
in commercially deployable systems while meeting the
usability and acceptability requirements poses notable
constraints on the theory [34].
A universal problem in any hypermedia navigation is
cognitive overload and disorientation [13]. However, the
keyhole effect resulting from the contextual, spatial, and
temporal separation of information in IMES provides an
opportunity to reduce the learner’s cognitive overload
and distraction [27]. For instance, the amount of
information and its context may be constrained in early
stages of training with progression based on user’s
current cognitive and learning capabilities etc [27].
Some possible negative effects of AUI are related to
usability, privacy, and trust issues that should be
adequately addressed [12], [29]. Indeed, the very idea of
adaptivity violates several well-defined and accepted
usability principles largely developed for rigid direct
manipulation interfaces [41], [42]. Moreover, frequent
adaptations reduce consistency in the UI, a much sought
for goal in HCI, hampering the learning rate [6], [42].
For instance, a sudden and automatic change in the
interface may confuse, disrupt, and frustrate the user.
Moreover, the notorious Production Paradox suggests
that learners may not adopt/learn strategies that improve
long-term efficiency and efficacy. Instead, a learner may
adopt a strategy that helps in accomplishing desired task
on an ad hoc basis and adapting to such ‘quick and
dirty’ strategies could even prove counter-productive.
Absolute, or near absolute, user control is another
important usability consideration that is difficult to
achieve in AUIs. It has been recommended that user
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must get a ‘sense of control’ over automatic adaptations
by making the system ‘scrutable’ [17]. However, studies
in adaptive E-stores have indicated that, when adaptivity
is based on implicit information, users want control of
both the content and the context [6].
In contrast, AUIs serve many usability guidelines better
than rigid interfaces such as reduced information and
cognitive load, enhanced task support and visibility of
relevant objects or actions, etc. Some researchers have
even suggested that an AUI can be effective primarily
when actions available to the user remain same.
Like any intelligent system, an AUI may make mistakes
in determining the implicit intentions of the learner. The
time needed to learn any user-controlled recovery
mechanism hampers the system acceptance. Even the
simplest of such recovery approaches may result in an
increased cognitive load, confusion, and distraction of
the user from the intended task. In addition, such
user-controlled recovery mechanisms reduce the
pedagogical efficacy of the system.
The foremost task in IEMS is to define such design
goals as generalizability, scalability, portability, central
data storage and ubiquitous access as well as higher
responsiveness, learning rate, user engagement, user
satisfaction, and reusability, etc. [15], [17], [10].
Nevertheless, the complexity, diversity, volatility,
subjectivity, and multiplicity of considerations in
designing an AUI mean that our expectations from such
systems should be realistically limited.
The next important task in an AUI is the creation of
knowledge model, as discussed later. Nevertheless, the
richness of the human behavior, technological
opportunities, contextual information, as well as
multi-sensory nature of the IMES mean there is no
panacea in such sensitive human-computer interaction
area. Conceivably, the majority of adaptive systems in
IMES context are research-level systems [12], [13].
Currently, Web courses present same static learning
material to students with diverse cognitive and
contextual goals, preferences, and capabilities [13].
Nevertheless,
user-modeling
experiments
have
confirmed the importance of a sound theoretical
foundation operating in synergy of such practical issues
as performance, reliability, and usability.
In IMES context, modeling the pedagogy and linking it
to various user characteristics or learning styles is an
important
determinant
of
superior
learning.
Consequently, it is desirable to use the pedagogical
strategy most suitable to the learner. As such, the
pedagogy would also play an important role in
determining the granularity and style of presentation.
5. KNOWLEDGE MODELS IN AUI
An AUI can adapt to either the user or the context of
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user’s work. However, an effective AUI requires an
ability to adapt to both user and context. This requires
extending the basis of adaptation by complementing the
classic user models with models of context such as
purpose, subject domain, pedagogy, interaction mode
(platform, location, time, bandwidth) etc. [13]. It means
learning theories, concepts, pedagogies, and their
impact on the instruction design and practice are
important [27]. Consequently, various knowledge
models are required in achieving adaptivity in IMES.

The initial LM could be generated by default values, a
set of stereotype-based LMs, or querying learners.
However, such stereotypical models lack coarse
granularity. Furthermore, querying the users to build
initial model increases cognitive and ergonomic load on
users. Consequently, an effective LM needs to be
constructed unobtrusively based on user behavior using
both long-term and short-term information.

Primary models include user/learner model, domain
expertise model, pedagogical/tutor expertise model, and
interface model. A Learner Model (LM) captures
knowledge about the user for the system to respond to
the needs of the user efficiently. A Domain Model (DM)
represents the features of the particular domain that is of
interest to the user. A Tutor Model (TM) holds the
knowledge, capabilities, assumptions and limitations of
the tutoring system itself. An Interface or Interaction
Model (IM) possesses the dynamic representation of the
dialogue between the user and the system. The defining
boundaries of these models can be quite fuzzy and some
other modules/models may also appear. Nevertheless,
the separation of contents, instructional philosophies,
and adaptation options or concept structures facilitates
conceptualization as well as system maintenance.

The Domain Model (DM) is the abstract representations
of the target subject area. It deals with the link
relationships between the concepts and the
decomposition of concepts in a structured hierarchy of
sub-concepts and atomic information such as texts,
images, sounds, and videos [33]. Such conceptual
representations should enable the system to analyze,
understand, explain, communicate, or predict some
aspects of the domain. Tasks, objects, and data form
basic building blocks in various DM paradigms. The
Task based approaches seek to represent the domain in
terms of tasks. The Object-oriented paradigm represents
the domain in terms of the objects, the relationships
between objects, and exchange of information between
objects. Data-Oriented approaches tend to abstract the
structure of the domain as a network of entities and the
functions of the domain by a network of dataflows and
processes.

5.1 Learner Model
The main objective of an AUI in IMES is to tailor the
learner’s information space by presenting learning
material according to learner's cognitive level/progress,
socio-cultural attributes, goals, plans, tasks, preferences,
and beliefs [15]. This objective is highly dependent on
the maintenance of adequate, efficient, and reliable LMs
by explicitly representing and updating the user’s
characteristics, preferences, and behavior. This
information is used by other components of the system
for providing adaptivity. It has been frequently argued
that an LM can result in improved interaction by
removing the dissonance between learner’s cognitive
abilities and demands of interactions in IMES [8].
An LM tends to address three general purposes:
inferring the user knowledge or general ability
(Knowledge Assessment), recognizing the user plans or
goals (Plan Recognition), and predicting the user
inferences and future behavior (Action Prediction). It
should be capable of representing a learner’s multiple
interests and misconceptions as well as flexible enough
to adapt to changes in a user's cognitive level due to
interaction with information. Consequently, an LM must
deal with the uncertainty in making inferences about a
user under incomplete and uncertain information,
raising important issues discussed later. Nevertheless,
studies have shown that adaptive student modeling can
be remarkably robust and contribute to improved
learning in IEMS environment [16], [34].

5.2 Domain Model

A DM mimics the expert system paradigm with an
ability to generate multiple knowledge-based superior
solutions instead of one ideal outcome, thereby
endowing flexibility and robustness [3]. Such an
approach would involve elaboration, articulation,
enumeration, and ranking of competing design
alternatives through propagation of design knowledge
into the development cycle and embedding design
recommendations into the interface implementation [5]
5.3 Tutoring Model
The Tutoring Model (TM) provides a model for the
pedagogical philosophy allowing adaptation to different
learning styles [37]. It should be able to dynamically
incorporate individual differences among students. As
such, it requires substantial efforts in knowledge
acquisition and representation. TMs are primarily
constructed around defined problem solving tasks and
cognitive models, so they can interpret each student
action (model tracing) and draw inferences about the
student's knowledge state from each student action
(knowledge tracing) such that the pedagogical decisions
reflect the needs to each student [37].
5.4 Interface Model
The interface is the communication between the student
and the aspects of the system. As such, an Interface
Model (IM) is required for intelligently controlling the
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dialogue, the screen layouts, and other interactions with
the learner. Each interface element is linked to an
internal representation of an instructional goal and the
current state [16]. The two main aspects considered in
IM are multimedia content and user exploration. The
use of multimedia objects in IMES promises
instructional efficacy. However, the complexity of the
learning activity involving such a variety of tasks as
information retrieval, navigation, and memorization
means that just a naïve collection of multimedia objects
does not promise improved, or even proper, learning
[37]. Various tasks in AUI have different requirements
and consequently need different multimedia objects for
efficient and efficant interaction. Consequently, learners
need to be provided with diverse forms of interactivity
that match the pedagogical objectives of the IMES.
6. UNCERTAINTY MANAGEMENT
In any human modeling, making inferences about the
beliefs, abilities, motives, and future actions of people
require a good deal of uncertainty management that may
manifest as incomplete, inconsistent, imprecise, or
uncertain information [4], [8]. Incompleteness suggests
the unavailability of some of the information.
Inconsistency refers to the difference or conflict in the
knowledge elicited from implicit or explicit information.
Imprecision refers to values that are vaguely defined or
measured inaccurately. Uncertain information points
to the subjectivity in estimate about the value/rule.
The information available for inferencing in AUIs is
inherently imprecise, vague, ambiguous, and incomplete
with greater gap between the available evidence and
drawn conclusions using fairly meager and haphazardly
collected data [46]. The knowledge-intensive nature of
various models in AUI implies that a little uncertainty in
information may translate mischievously into the system
response [47]. Consequently, any AUI decision
mechanism requires robust ways of coping with such
uncertainties. Unfortunately, the majority of theories
and tools devised to handle subjectivities and
uncertainties in information are quantitative in nature
relying on crisp data. Such tools, in general, cannot
handle the subjectivity and uncertainty emanating from
all aforementioned sources [3], [35].
Thus,
formulating effective ways of analysis and revision of
knowledge models in AUI under uncertainty is an
important research direction. Early solutions to this
problem were based on heuristics or ad hoc techniques.
Other approaches opted to constrain learners follow a
predetermined line of reasoning, making it explicit.
Nonetheless, such approaches could result in inflexible
and overly constrained interface.
However, certain numerical uncertainty management
tools have gained prominence. These methods for
tackling uncertain knowledge are generally referred to
as Soft Computing (SC). The role model for SC is the
human mind and differs from conventional or hard
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computing in its tolerance of imprecision, uncertainty
and partial truth. As such these hold immense promise
for AUI.
6.1 Deterministic Approaches
Deterministic approaches work under the simplifying
assumption that all the required information required
can be quantified a priori and made available in need [3].
Such approaches usually make use of arbitrary default,
user-defined, or expected values that are possibly
refined by the user during the course of interaction with
IMES. Conceivably, these myopic approaches are not
effective in such complex and mercurial environments
as IMES. In addition, there are user-based approaches
that rely on ad hoc methods such as getting weights,
preferences, and properties through user inputs. The
usefulness of such approaches is severely limited by
cognitive, informational, and functional capabilities of
the user. It also distracts the user from her main
objective, i.e. learning the subject at hand. Furthermore,
personalization based on user inputs cannot
accommodate changes in learner’s interests or cognitive
progress [23].
6.2 Algorithmic Approaches
An extension of deterministic approach is the
assumption that some prudently devised algorithms
could encompass all plans and corresponding actions.
Indeed, it has been shown that plan recognition could be
treated as deduction under a particular set of
assumptions about the possible causes of actions [25].
Various algorithmic approaches work by determining a
learner’s plan from a library of possible plan schemas
[9]. Such content-based algorithms may perform well at
determining the general context. However, these cannot
easily evaluate qualitative attributes like user’s decision
style, perceived usefulness, timeliness of presentation,
etc. Consequently, even a good user-modeling algorithm
alone does not form a truly useful system [10].
Furthermore, such algorithms require all plans to be
identified to explain the learner’s behavior and result in
combinatorial intractability of the search task. Some
probabilistic, heuristic, or soft computing approaches
may reduce the search space and make plan recognition
more tractable. Nevertheless, the problem in adaptive
IMES is more complicated in the sense that not only we
have to predict the learner’s intentions but also predict
learner’s cognitive progress based on which system
should provide higher learning opportunities.
6.3 Probabilistic Approaches
The majority of uncertainty management methodologies
quantify uncertainties in form of some probabilistic
measures that are propagated during reasoning [35].
Examples include the Bayesian Belief Networks,
Certainty Factors, Dempster-Shafer, etc. Such
approaches are based on the premise that assigning a
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certain value to a plan hypothesis reflects the likelihood
of its being pursued by the user [23]. Thus, it lends itself
to some probability-like measure for representing
information about user’s individual preferences [46].
The key issue in using probabilistic approaches is
accurate
representation
of
the
probabilistic
dependencies in the task domain. However, student
modeling using probabilistic approaches is problematic
due to dynamism in student’s knowledge resulting from
interaction with information.
Among such traditional uncertainty modeling tools,
Bayesian Networks (BN) are a popular formalism
approach in user modeling and establishing sensible
policies for handling uncertainty in knowledge
assessment and plan recognition. BN is based on Bayes’
theorem where the evidence is encoded in a directed
acyclical graph with nodes corresponding to
single/multi-valued variables and links corresponding to
probabilistic influence relationships.
However, representing various cognitive and
pedagogical aspects using BN requires assigning
probabilities to such events.
As such, extensive
empirical experimentations are needed to establish such
probabilities.
Alternatively,
such
conditional
probabilities could be estimated by domain experts or
based on a more general theory about the relationships
among variables of these types. However, the estimation
of such probabilities by human experts is often
inconsistent and biased. Past studies involving such
probabilistic approaches highlight the need for highly
extensive usability studies of the system involving
determination of probabilities for BNs by users and
experts.
Another problem with BN is that it is valid only under
the simplifying assumption that the presence of
evidence also affects the negation of conclusion, which
is not valid in most instances. In addition, BN is not
well suited for providing explanation facilities.
Furthermore, the computational complexity of BN is
sometimes prohibitive and representing a realistic
problem solution could be quite large. In fact, it has
been shown that the exact application of the Bayesian
inference technique has an NP-hard nature [24]. Under
dynamic conditions, the size and topology of the
networks may hamper updating BN in real time.
Moreover, if even a small change in the knowledge
representation is required, it can affect a large number of
sub-networks. Approximation techniques for applying
Bayesian can be useful; however, such techniques are
effective only under specified conditions.
In Certainty Factors (CF) approach, the knowledge is
expressed in the form of rules and a confidence factor
associated with each rule. It does not require statistical
basis for supplying beliefs in events and allows
simultaneous rule representation and quantification of
uncertainty making it simpler and efficient compared to

BN. However, CF approach is not built on a solid
theoretical foundation and results in many weaknesses
such as the implicit assumption of independence among
hypotheses [35].
The Dempster-Shafer (DS) theory of evidence addresses
some of the weaknesses of the probabilistic approach
including the representation of ignorance, the
unnecessary requirement that the sum of beliefs in an
event and its negation be 1 etc. [40]. DS formalism has
been applied to the quantitative modeling of preferences
in situations with partially or even completely missing
statistical data and to compute the impact of new
observations on the resulting assessment. However, it
does not specify how the probabilities are to be
computed or how the results are to be interpreted.
Furthermore, in certain instances, obviously incorrect
conclusions can be reached [2]. Moreover, the
exponential nature of evidence and hypothesis spaces
means application of DS is in the NP. The only way to
dodge this problem is to use some heuristics to compute
approximate solutions [24].
In short, such assessment of the user’s action history can
be helpful in establishing a numerical estimation of
user’s future behavior, similar to a priori probabilities
over the set of all plans [15]. However, the implicit
assumption of continuity in a user’s attitude is clearly
debatable as user behavior might change completely.
Consequently, the underlying uncertainties and
dynamics of the problem dictate the need for a
methodology pertinent to incomplete, imprecise,
inconsistent, and uncertain preferences and rules [4].
Most existing probabilistic techniques fail to deliver in
uncertain environments falling in more than one of the
aforementioned categories. This shortcoming is more
evident and imperative when the available information
is incomplete.
6.4 Machine Learning
The traditional user modeling systems have
disadvantages that can be overcome with ML techniques
for adaptive learning [20]. For instance, an AUI in
IMES requires an ability to continuously extend the
system’s knowledge about the applicability and efficacy
of different adaptation techniques by observing the
success of such techniques in different users/contexts.
The ML techniques are capable of expressing a rich
variety of non-linear decision surfaces [47]. Such
techniques, in general, process training/input data and
attempt to make decision or classification based on this
input. Furthermore, one frequently used underlying
assumption in ML is the improved predictive
performance by using more training data [47].
ML-based user-adaptive systems work differently from
traditional Knowledge Representation (KR) based
approaches. Instead of a knowledge base, observations
of user behavior and history of interactions are treated
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as training examples used by Learning components. The
knowledge acquisition is automatic and incremental. As
such, learning results are revised steadily without any
special revision mechanisms [32]. Some examples of
ML techniques used as alternatives for enabling
adaptivity are Artificial Neural Networks, Case-Based
Reasoning, Memory-based Learning, Decision Tree
Induction, and Learning Automata. Multi-strategy ML
approaches have also been used to engender hybrid LMs.
For instance, short-term and long-term interests of user
can be incorporated in a hybrid model using techniques
most suitable for the specific task [10].
Although the knowledge acquisition in ML is automatic
and incremental, considering the dynamic nature of
user's interests, cognitive skills, and goals, the ML
approaches seem inappropriate in IMES. Furthermore,
the KR is implicit and formats of learning results
(probabilities, decision trees, etc.) are specific to the
learning algorithm. Consequently, due to lack of
generalized representation formalism, ML techniques
are not easily amenable to reusing of learned results for
other purposes such as explanation facilities [32].
Consequently, the eventual goal of constructing a
learning system that requires no intervention from the
designer other than a list of potentially useful features is
still elusive in realistic applications. Nevertheless, the
use of ML algorithms for user modeling purposes has
attracted much attention.
6.5 Fuzzy Logic
A natural way to characterize the relationship between
attributes in the LM and concepts in the DM is the use
of fuzzy linguistic labels [32], [33]. People often reason
in terms of vague and context dependent concepts in
dealing with situations where they encounter uncertainty
[43]. FL techniques are used for representing and
reasoning with vague concepts to mimic human style of
reasoning. This reasoning may be that of the user,
whose inferences or evaluations are being anticipated,
or it may be that of an expert whose knowledge
constitutes the basis for the system’s reasoning. A user
modeling system based on FL renders reasoning easy
for designers and users to understand and to modify [24],
[26], [33].
Furthermore, explicit information gathered from
students about cognitive understanding and interests are
inherently vague and subjective because they
themselves might not have precise knowledge or they
might not be motivated or competent to express their
knowledge precisely [26]. Moreover, such information
is usually incomplete. As such, the values of the
attributes can be expressed in terms of linguistic labels
that are handled as fuzzy numbers. Such circumstances
render FL a logical choice as the membership functions
of FL are in general well-suited to the representation of
such input, even if the subsequent processing does not
use FL techniques.
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FL claims a certain degree of human-likeness because of
the way in which it captures human reasoning with
vague concepts [2], [3], [43]. Consequently, it seems to
be a good choice for both initialization and refinement
of LM as well as DM by using linguistic labels for
domain concepts selected by users and/or classifying
user as one belonging to various stereotypical categories.
Furthermore, it sanctions tuning of the parameters of a
user modeling system based on feedback from system
performance, a common approach used in the field of
rule-based expert systems [3], [26]. Fuzzy adaptation
rules may also facilitate automated detection of conflicts
and inconsistencies in the set of rules and provide robust
performance in such conflicting scenarios [33].
On the flip side, it has been argued that FL was not
developed for the purpose of cognitive simulation. As
such, it cannot be taken for granted that an FL treatment
of a given problem corresponds to the way people
would deal with it [24]. Furthermore, the task of
determining the appropriate representations may still
require considerable empirical testing and knowledge
engineering [26]. Nevertheless, the same is true with
any other uncertainty management technique. Indeed,
FL has been shown to be effective and robust technique
in a variety of fields involving reasoning with
incomplete, inconsistent, imprecise, and uncertain
information [2], [4], [35]. Moreover, FL is superior to
other uncertainty management techniques in terms of
the computational complexity. Consequently, we believe,
FL has a significant role to play in cost-effective and
robust knowledge modeling under uncertain conditions
as well as reasoning with such knowledge in
AUI/IMES.
7. FUTURE DIRECTION IN AUI
It is not easy to predict future of AUI in IMES due to
fast changing computing technology and computer users.
However, we believe AUI has a very promising as well
as challenging future in IMES. Here we delineate few
prolific research directions in this regard.
7.1 Logical Characterization
The Functional Representation of AUI in IMES is more
prevalent and hinges on various knowledge models to
capture knowledge for the system. However, it renders
the analysis and comparison of IMES on technical level
difficult as, by and large, most existing systems are
designed for special purposes [18]. Consequently, there
is a need for formulating a common language [22].
Recently, a logic-based definition of IMES has been
proposed allowing an abstract generalized formalization
[18], [22]. Standardization of educational formalism
would also facilitate the specification of many
instructional models [18]. The goal is to develop a
standard meta-language to be used all over the world
facilitating the reuse of adaptation techniques in
different contexts by reasoning over facts described in
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standardized metadata formats [18], [19], [22], [30],
[38]. Furthermore, reasoning can be performed in wider
context over distributed data. Consequently, such
representation seems to fit well for facilitating
explanation facilities.
7.2 Meta-Adaptivity
As already mentioned, different adaptation techniques
work most efficiently in different contexts underscoring
the need for adaptation in the adaptation techniques, or
meta-adaptation, during the cognitive progress of the
learner. However, most empirical studies in adaptation
techniques are done in simplistic and well-defined ‘with
or without’ scenario by varying only a specific
adaptation aspect and there is need for more extensive
testing.
7.3 Explanation Facilities
An Explanation Facility furnishes the ability to
thoroughly explore the implications of knowledge
models and bases of system’s adaptations. Studies have
shown that a significant amount of user’s sense of
control is attached to the ability to readily make sense of
interaction with the system. Consequently, Explanation
Facilities indicating to learners, if invoked, the
reasoning behind actions seems to be a nice extension to
existing AUI frameworks. Furthermore, it may provide
users of an AUI a sense of control by making the system
‘scrutable’ [17]. Such functionality may also be
complemented with a visible method for controlling the
system’s adaptations or the user profiles. In its simplest
form, explanation facilities could show rules and their
usage sequence in inferences regarding certain actions
[17], [35]. However, decisions regarding the effective
mode for presentation of explanations would be yet
another interesting research direction. Some small-scale
exploratory studies have highlighted value of, as well as
the difficulty in, supporting explanation/control
capability because of lack of visibility or novel nature of
the notion [17]. It points towards the need for making
the explanation/control capabilities both visible and
comprehensible to the user. Once again, simple and
linguistic format of FL brings power to provide
explanation facilities in a simple, compact, efficacious,
and comprehensible manner [4].
7.4 Novel Scenario Modeling
When users are inactive, existing models can detect
these situations but do not know the cause. Some
mechanism for inferring the cause of inaction, such as
lack of motivation or understanding, and adapting the
interface accordingly would be worth exploring.
Moreover, an interesting and more complex situation
would arise when a learner switches from one access
device to another during the course of learning. As such,
an apparent inaction of the user could also be a result of
distraction to other interesting services as well as

multi-tasking. Modeling a multi-tasking user poses even
more challenging problem. Nonetheless, such a user is
quite common in today’s Web and Mobile service users.
Furthermore, a usual classroom-teaching scenario is
group/collaborative work that facilitates rich
interchange of information and ideas from one another
as well as from teacher [15]. It requires sensitivity to
cognitive, intellectual, social, and cultural diversity.
Modeling for such scenarios in adaptive IMES would
certainly become a major focus in this research area.
Similarly, exploring the role of emotions in user
modeling and decision-making could be a purposeful
exercise [46]. There is growing evidence that emotional
states may affect performance by altering perception,
cognition, selection, motor actuation, etc. and may
influence attention, planning, learning, memory, and
decision-making. Some preliminary research work in
some simplistic situations can be found in literature [15].
However, extensive work is required for incorporating
emotions in IMES in realistic terms. In this regard,
various theoretical frameworks may provide useful tools,
such as the OCC cognitive theory of emotion and
Game/Drama Theory [46], [36]. Furthermore, an
interesting direction could be knowledge representation
that facilitates such soft knowledge as mental and
conceptual models. Once again, we believe that FL
could prove a powerful modeling tool in these
scenarios.
7.5 Extensive and Comparative Evaluation
The real-world deployment of user modeling and
user-adapted systems with a demonstrable effectiveness
is a formidable task [16], [10]. Conceivably, a review of
past AUI articles reveals insufficient empirical
evaluations [14]. Nevertheless, empirical studies of
actual users help reinforce, contradict, and refine
designs to better accommodate and satisfy users in
accomplishing their tasks. However, the upward trend is
quite visible and bodes well for the future of AUI and
several instances of successful real world deployment of
AUI systems can be cited. Nevertheless, there are
problems due to the relative inability to identify
evaluation needs and insufficient mappings of such
needs to available resources.
Various possible metrics for evaluating an interface are:
subjective evaluation of interaction quality by the user,
user-friendliness, effectiveness, degree of task
simplification, generalizability, scalability, accessibility,
acceptability, etc. [5], [34]. However, one of the
objectives in AUIs is the higher interaction quality
requiring absorption of such aspects as usability,
usefulness, suitability, tailorability, etc. that might not
be measurable with currently available evaluation
means and measures. Despite the difficulty in
quantifying these aspects, user’s rating could be useful
for evaluating an AUI. Nonetheless, comprehensive
evaluation instruments and techniques for guiding the
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design of adaptations are largely missing. The primary
reason for this is the contextual nature of adaptations
that often does not facilitate objective assessments [5].
Incorporation of learner’s misconceptions, beside
knowledge and cognitive progress, is an important
consideration for an effective AUI. Consequently, it has
been argued that LM should also be validated using
external tests and comparisons with actual user behavior
[45]. Conceivably, all this is quite difficult to achieve.
As already mentioned, a more general description on
adaptation functionality would allow easy and effective
reuse of adaptation techniques in various domains or
contexts. This can be achieved by making metadata
about different resources explicit using standardized
descriptions [18]. Consequently, empirical studies of
AUIs with several dimensions of adaptivity would
certainly assist in developing tools for meta-adaptation.
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page layout design [2], [3]. We believe that such
knowledge-based decision support frameworks would
be valuable in fast and easy generation, evaluation, and
refinement of superior alternatives. Such efforts would
reduce the cognitive overload and personal bias in
building a system that is rich in alternatives for various
users by making use of a combination of AUI/IMES
techniques/technologies, philosophies/pedagogies, etc.
Furthermore, some authoring application for analyzing
the set of rules by expressing just properties, without
having to be concerned with the methods and techniques
of inferencing, is an interesting but challenging
direction. Availability of an efficient, efficant and
easy-to-use off-the-shelf tool towards this would
certainly make designing and utilizing AUIs more
attractive. Representing knowledge, skills and contexts
at a meta-level in a standardized and easily interpretable
graphic language might also facilitate reuse and
adaptation of models from different sources.

7.6 Generalizability, Scalability, Portability
10. SUMMARY
In terms of generalization and scalability of the system,
more experiments must be performed in order to
determine how the system would scale up to deal with
more parameters of the AUI. Knowledge representation
facilitating soft knowledge, other than facts/procedures,
such as mental and conceptual models is a largely
unexplored
direction.
Furthermore,
knowledge
representation facilitating scaling up to larger/broader
domains is an important issue. As already mentioned,
this goal is significantly dependent on formalism in
AUI/IMES frameworks. In addition, one of the most
relevant
requirements
for
acceptability
and
pervasiveness of AUI/IMES is the platform
independence or portability. Such issues need to address
the much-desired reusability a reality. Furthermore, in
an organizational context, adaptive educational software
is not only a teaching/learning resource and a carrier of
instructional strategies but also a source of much touted
organizational and strategic changes. Consequently, the
research in AUI can be extended to incorporate
organizational changes in the research framework.
7.7 Reduction in Development Time
The future research in AUI/IMES seems to be geared
towards forms that are more complex and involve
various multimedia embodiments. It would require
articulation of abstract design patterns, elaboration and
enumeration of different design alternatives, ranking of
competing alternatives (based on experts’ opinions and
other subjective design criteria), and propagation of
design knowledge into the development cycle [5].
Consequently, the need for reducing the developmental
cycle time through some intelligent decision support
mechanism cannot be ignored [2].
Recently, an expert system paradigm based framework
has been proposed for intelligent decision support in
layout design with an application to the adaptive Web

The purpose of this paper is to briefly introduce the
issues, prospects, and difficulties associated with
research in adaptive user interfaces within the IMES
context. The success of the learning process in such an
educational environment depends on the intelligent
context-oriented presentation of the domain knowledge
by the system and its adaptivity in terms of complexity
and granularity consistent to the learner’s cognitive
skills and progress. The richness of the human behavior
and technological opportunities mean there is no final
solution in such sensitive human-computer interaction
area. Nevertheless, we have tried to highlight the role of
various paradigms, techniques, and technologies in
creating efficant AUIs that may help in providing more
flexible and enhanced IMES. Furthermore, a
perfunctory review of future trends and research
directions has been presented. We hope that this review
of complexity as well as limitations of AUI and
pertinent technologies would prove helpful in creating
expectations that are more realistic. However, this is just
a broad overview of AUI literature and by no means
complete. An integrative and comparative review of
various adaptation techniques, pertinent technologies,
and knowledge models with specific consideration of
Web and Mobile Learning would be a worthwhile effort
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